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Abstract
We describe an empirical study of the usage of a mobility self-tracking
app, SensibleJournal 2014, which provides personal mobility information
to N=796 participants as part of a large mobile sensing study. Specifically,
we report on the app design, as well as deployment, uptake and usage of
the app. The latter analysis is based on logging of user interactions as
well as answers gathered from a questionnaire provided to the participants.
During the study enrollment process, participants were asked to fill out
a questionnaire including a Big Five inventory and Narcissism NAR-Q
personality tests. A comparison of personality traits was conducted to
understand potential differences among the users and non-users of the
app. We found a relation between self-tracking and conscientiousness,
but contrary to the view in popular media, we found no relation between
self-tracking behavior and narcissism.
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Introduction
Recently, the area of lifelogging, Quantified Self and Personal Informatics have
gained substantial attention and uptake due to the availability of smartphones,
low-cost wearable sensors and, more recently, smart watches. This development
has significantly lowered the barrier for people to engage in a wide range of
self-tracking activities, with monitoring of exercise, physical activity, and step
counting being widely adopted. Also in research, the area has gained increased
attention in recent years, with international workshops on Personal Informatics
[9, 15, 16], as well as conferences having sessions on Quantified Self. How-
ever, paradoxically, empirical research describing the self-tracking phenomenon
is somewhat limited [20, 5].
In this paper we describe an empirical study of mobility self-tracking, using a
smartphone app that has been developed as part of our research. We measured
the usage of the self-tracking app on a population of almost 800 individuals –
bachelor level university students from all technical sciences, for a duration of
four months. In an ongoing mobile sensing study [23] we offered all participants
a self-tracking app that provides a feedback interface reporting on personal
mobility patterns on a daily basis. All participants were informed about the
existence of the app through a notification system. While all participants were
instructed to install the app on their smartphone, usage of the app was optional.
The motivation behind the study was to measure the uptake of a Quantified
Self app in order to see how many would be interested in self-tracking, as well
as the duration of the interest in the app, in terms of usage patterns over time.
As the participants were enrolled in the mobile sensing study at the time of the
introduction of the app, mobility and social interaction data were already being
collected. Thus, the participants were merely provided with a mobile feedback
interface providing access to personal data that was already being collected
about them.
As it has been debated whether specific personality traits are distinctive
among self-trackers, we wanted to measure the relation between self-tracking
behavior and personality traits. In particular, the narcissism label has been
associated with self-tracking in popular media and has been debated in research
literature too [5, 17].
Related work
Li et al. [14] describe Personal Informatics using a model that involves a five
stage process, where a key stage is self-reflection, which is often supported
through visualization of the collected personal data. Data visualization is seen
as a mean to gain insights into personal behaviors, which can shape the basis
for achieving behavior change.
There is a plethora of examples, both scientific and commercial, that attempt
to leverage the potential of data visualization as the means for individuals to
interact with and gain insights from personal data. The most relevant to this
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study is the 2013 version of SensibleJournal, providing visualizations of mobility
patterns [13], as well as visualizations on social interactions of its users [7]. Other
examples that involve visualizing information on a map are Personal Driving
Diary [21], which presents images of the detected events during driving along
with pinpointed locations, and Now Let Me See Where I Was [12], which creates
mobility-based visualizations for each participant by pinpointing locations on a
map.
The self-tracking phenomenon has attracted attention in popular media,
with articles sometimes suggesting a tendency of self-trackers towards narcissism
[26]. Similarly, in recent report from Symantec on Quantified Self data security,
Quantified Self is described as part of “a trend towards [...] narcissism” [3].
Research literature has discussed this popular media view on the practice
of self-tracking as obsessive or narcissistic [18, 17, 19] and in [24], the initial
encounter with self-tracking is being described as something that would ap-
pear to be “just another example of technology stretching the limits of narcis-
sism”. However, this viewpoint on self-tracking has been criticized by Bode
and Kristensen [5], with a call for a more varied description of the self-tracking
phenomenon.
An attempt to measure narcissism among self-trackers has been made on a
small scale (N=36) in an online survey in the Quantified Self community, using
the NPI-16 test [1] with 16 questions related to narcissism [25]. The result was a
0.38 score on narcissism compared to the mean scores in five American studies,
which reported to be in the range 0.31-0.41 [1]. While concluding that there
was no correlation between self-tracking and narcissism, it is also suggested that
the definition of narcissism may not be clear [25].
Method
This work is part of the SensibleDTU project, a large-scale study of high-
resolution social networks, which is described in detail in [23]. Data collection
was approved by the Danish Data Protection Agency, and informed consent
has been obtained for all study all participants. We study N=796 first year
students provided with an Android smartphone. The phone is equipped with
a data collector app running continuously in the background. The latter col-
lects and periodically uploads data to a server from multiple sources: location,
Bluetooth, calls, SMS, and WiFi. The participants were also asked to fill out
a questionnaire including the Big Five inventory [11] and Narcissism NAR-Q
[2], from which we can deduce the following six personality traits: extraver-
sion, agreeableness, conscientiousness, neuroticism, openness and narcissism.
We have found that our population under study is unbiased with respect to the
personality traits of the general population [23].
All participants that had joined the study were requested to install Sensible-
Journal 2014, a self-tracking mobile app designed to support self-reflection [14]
on personal mobility, in terms of places visited and movements between them.
The locations are extracted by clustering groups of consecutive locations within
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Figure 1: An example card showing mobility information in the SensibleJournal
2014 mobile app. The app user interface contains a list of such cards showing
different views of personal mobility
a predetermined distance, as described in [8].
The SensibleJournal 2014 App
The mobile app uses a card-based user interface, which shows mobility related
information on cards that appear on a continuous timeline from most to least
recent. Each card contains a static mini-map, which pinpoints locations of in-
terest, along with specific informative text. We provide six different types of
cards, each presenting different information about personal mobility: “My Cur-
rent Location”, “Last Visited Place”, “Latest Journey”, “Daily Route”, “Weekly
Route”, and “Most Visited Places”. The cards contain a static map along with
descriptive text. An example card is shown in Fig. 1.
A card can be tapped in order to open the corresponding detailed view,
which offers a more informative visualization through an interactive map which
offers the ability to pan and zoom. Users can also access their history through
an archive view that chronologically lists specific older detailed views, accessible
from a “navigation drawer” (by tapping on the app title area). In order for the
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participants to be reminded to check for newly available cards, the app sends
a periodic reminder using a notification on users devices. To avoid intrusive
behavior, the notification is sent once every three days at noon.
Usage Data Collection
SensibleJournal 2014 gathers data about the way users interact with the app. In
particular, the app logs interaction events, such as when a user launches/pauses
the app, or navigates through the interface. Each card contains an “Awesome!”
button (see Fig. 1), which can be tapped in order to provide feedback about the
cards. The usage log is periodically uploaded and stored on our server.
Results
We analyze the usage logs between late June and October 2014. For each
participant we consider events that lasted at least 5 seconds and at most 10
minutes to avoid considering accidental app launches, or anomalies in the usage
collection. In total, 242 (30.4%) of all 796 participants had no interaction with
the app at all. Even though they had to install the app when joining the study,
they never launched it. The cumulative distribution function of the total number
of times that the app was launched per user, illustrated in Fig. 2, shows that
the usage decays exponentially: around 60% of the participants launched the
app less than 5 times or not at all and less than 5% launched it more than 20
times. This is in line with our findings in previous work [6].
Additionally, we count the per-day number of users with at least one launch
(Fig. 3). The number of active users slowly decays from the start of the ex-
periment. There is a peak in the beginning of September, which coincides with
the start of the new university semester. A similar decay over time was also
reported in previous work [6].
From the 796 participants, only 16 individuals (2%) used SensibleJournal
2014 more systematically. We defined as more regular users, the ones that used
the app at least 20 times and at least once per month during the experiment.
Usage and Notifications
As mentioned, a notification system alerted the participants about new cards ev-
ery three days, at noon. Fig. 4 shows that the total number of the app launches
was significantly higher between 12:00 and 14:00, which suggests that the noti-
fication was an important factor in engaging users (Fig. 3). This observation is
in line with [4], which reported a notably higher usage of a self-tracking mobile
app with reminding through notifications.
Survey
In December 2014, all the participants were contacted and asked to fill out an
electronic survey with the following questions:
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Figure 2: Cumulative distribution function of usage (number of app launches).
The usage decays exponentially, with only a small percentage of participants
using the app on a regular basis
1. Have you discovered something new or interesting about yourself? If yes,
what? (open answer)
2. If you no longer use SensibleJournal 2014 app, why not? (multiple options)
(a) The app is too slow
(b) The visualizations are confusing
(c) I am not interested in my location data
(d) I do not know the app
(e) The app always shows similar information
(f) I do not learn anything new from my data
3. What do you think of the notifications?
(a) There should be more
(b) There should be less
(c) They should be removed
4. Have you clicked “Awesome!”? If yes, why?
(a) I liked the visualizations
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Figure 3: The number of active users as a function of time illustrates the de-
creasing trend from the beginning of the experiment, with an exception being
early September, which coincides with the beginning of a new semester
(b) I liked the information shown in the visualizations
5. How do you use the app? (open answer)
6. Do you have any other comments or suggestions? (open answer)
A total of 51 participants answered the survey (6% response rate). The ma-
jority reported not learning anything interesting, however some reported being
surprised to gain new knowledge about their daily patterns: “I am very sur-
prised about my monotonous patterns, home-work-home”, “Although I thought
that I move around a lot, I basically spend my time with a specific friend of
mine”, “there is a whole routine in our lives, that is surprising!” and “I go out
at the same places (more or less)”. One participant reported checking the app
after a change in his/her routine, and several reported using the app for learning
about the time spent between home and university. The repetitiveness of daily
routine and consequently of the app feedback, was one of the prominent causes
for many users to stop using it: 43% reported not learning anything new and
22% reported that the app shows similar information every time. One partici-
pant even suggests that the app should provide feedback only when “something
new happens” such as visiting a place never seen before. Moreover, 16% com-
plained that the visualizations were confusing and 28% said not to be interested
in their location data. Regarding the “Awesome!” button, 18% reported to have
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Figure 4: Usage per time of day. A clear peak happens between 12 and 14,
probably due to the notifications scheduled at noon
clicked it because they liked the visualizations and 20% because they found the
information shown in the visualizations useful. 16% reported that there should
be more notifications, 30% preferred less and 24% would prefer not to have
notifications at all.
Personality
For each participant we compute the following six personality traits based on
the answers to the questionnaire including the Big Five inventory [11] and Nar-
cissism NAR-Q [2]: extraversion, agreeableness, conscientiousness, neuroticism,
openness and narcissism. Additionally, for each participant we determine a
number of features based on the collected usage data:
• number of days with at least one launch
• total time interacting with the app
• total number of launches
• mean session duration
For the users who have no usage data we assigned the value 0 to all the above
mentioned features. We split the population into the top 10% and remaining
90% quantiles according to each usage feature and compared the distribution
of each personality trait between the top and remaining quantiles using t-tests
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(6 personality traits x 4 usage features = 24 tests). Table 1 contains the corre-
sponding p-values for each trait and feature pair.
Table 1: p-values for the t-tests for each trait-feature pair
extra-
version
agreeable-
ness
conscien-
tiousness
neuroti-
cism
openness narcissism
total
events
0.6970 0.5653 0.0342 0.5141 0.2301 0.0677
total
time
0.6943 0.7673 0.0009 0.5214 0.4531 0.3882
mean ses-
sion dur.
0.3382 0.3485 0.4042 0.4401 0.0614 0.7776
active
days
0.0416 0.3702 0.3418 0.2676 0.0319 0.1147
However, after correcting for multiple comparisons using the Holm-Bonferroni
method [10], we find that the only statistically significant difference is between
conscientiousness and total time. Table 2 displays the corrected p-values.
Table 2: p-values for each trait-feature pair, after the Holm-Bonferroni correc-
tion
extra-
version
agreeable-
ness
conscien-
tiousness
neuroti-
cism
openness narcissism
total
events
1.0000 1.0000 0.7515 1.0000 1.0000 1.0000
total
time
1.0000 1.0000 0.0210 1.0000 1.0000 1.0000
mean ses-
sion dur.
1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
active
days
0.8726 1.0000 1.0000 1.0000 0.7338 1.0000
The Holm-Bonferroni correction is quite strict, therefore we provide another
view of the results using bootstrap to illustrate the differences. We calculate
the bootstrapping distributions of the means of the top 10% quantiles, for each
personality trait-usage feature pair. In particular:
• We calculate the mean of the trait for the top 10% according to the usage
feature
• We bootstrap n = 5000 subsamples from the initial population and obtain
their means
• We compare the distribution of the means of the subsamples and the mean
of the top 10%
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Figure 5: Distributions of the bootstrapped means of the subsamples. The
red line is the measured mean of the top 10% quantile for each trait. The cases
where the mean of top 10% are more extreme than 95% of the bootstrapped
samples are highlighted in dark blue.
Fig. 5 depicts the bootstrapping distributions of each personality trait and
usage feature. The red line indicates the measured mean of the top 10%. We
note that, as before, conscientiousness with total time have the most visible
difference from the bootstrapped means, but also some for other feature-trait
pairs (highlighted in dark blue) there are quite large differences.
Discussion
A key area of interest in this work is to understand the reasons for usage and non-
usage of the SensibleJournal 2014 app as a Personal Informatics self-tracking
system. Our population consists of well-educated, tech-savvy young adults, a
fact that may introduce some biases. However, we suggest that this population
would be possible adopters of self-tracking tools.
The total usage varies greatly from participant to participant. About 30%
of the participants did not use the app at all and only a small fraction used
it every few days. Since significant amount of time and resources are spent
in developing such Personal Informatics systems, this inability to engage the
potential users can be a concern for any such system, either within a research
project in academia, or a product in commercial settings. A possible factor for
the limited uptake of the app is the fact that the participants might receive
similar knowledge from other commercial and more visually polished apps or
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services, thus resulting in rapid loss of interest.
The interest was higher in the initial phase, and then declined as time pro-
gressed. The decrease over time may have multiple explanations, such as the
repetitive nature of the feedback. As many respondents reported, the app tends
to report similar information over time, that is time spent usually at the same
few places, like home and work. Therefore, users may not be able to learn
anything new and would eventually abandon the app. The repetitive feedback
information is due to the inherent nature of human mobility, which tends to be
habitual and predictable [22]. Habitual living suggests that once initial insights
have been obtained, limited new significant knowledge can be gained from the
data itself. This problem may potentially affect many Personal Informatics sys-
tems measuring periodic behavior such as fitness activity, heart rates and sleep
patterns. Any app reporting about the status of the user will soon produce
repetitive feedback and may risk to become uninteresting for the user.
One possible solution is to generate feedback only when new or deviating
information is available, such as something that has not happened before, some-
thing that is different or something requiring user attention. A goal-setting fea-
ture could also stimulate the interest in self-reflection and facilitate the process
of behavior change.
One hypothesis was that personality traits are a factor in the adoption of
Quantified Self tools. We find, however, that narcissism makes no significant dif-
ference in respect to adoption, in contrast to conscientiousness, which is the only
trait making a statistically significant difference. The present data is insufficient
for a full understanding of the casual relationship, but we hypothesize that the
organization and self-discipline characteristics of conscientiousness could be an
important driver for the usage of such self-tracking apps.
Conclusions
We have presented results from an empirical study on the usage of a mobility
self-tracking smartphone app, among N=796 participants in an ongoing mobile
sensing study. The app was offered to all participants, but whether they would
use it or not was left optional and not enforced in any way.
A relatively low uptake of the app was observed, as 30% of the participants
never used the app. Only 16 participants (2%) ended up using the app on a
regular basis and among that group, a decline in usage over time was observed.
A questionnaire on the participants’ interests and attitudes towards the self-
tracking app provided indications that the recurring data patterns lead to a drop
in interest, once initial insights on personal mobility had been obtained. The
fact that the app does not provide radically different information over time, or
suggestions based on the data obtained, is a possible reason for the participants
gradual loss of interest in the app, as well as in their personal mobility data.
Personality traits of the N=796 participants were corresponding to those of
the general population. In order to understand potential differences between
those who adopted the self-tracking behavior by using the app and those who
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decided not to use it (or only use it short-term), we compared their personality
traits. Through this comparison, we found a relation between self-tracking and
conscientiousness, an observation that is in contrast with the view in popular
media, which suggest a tendency towards narcissism among people that adopt
self-tracking behavior.
Acknowledgments
AC’s work is funded in part by the High Resolution Networks project (The Vil-
lum Foundation), as well as Social Fabric (University of Copenhagen). GC’s
work was performed while under PhD fellowship at Athena Research and Inno-
vation Center, Athens, Greece.
References
[1] D. R. Ames, P. Rose, and C. P. Anderson. The npi-16 as a short measure
of narcissism. Journal of Research in Personality, 40(4):440–450, 2006.
[2] M. D. Back, A. C. Ku¨fner, M. Dufner, T. M. Gerlach, J. F. Rauthmann,
and J. J. Denissen. Narcissistic admiration and rivalry: Disentangling the
bright and dark sides of narcissism. Journal of Personality and Social
Psychology, 105(6):1013, 2013.
[3] M. B. Barcena. How safe is your quantified self?, 2014.
[4] F. Bentley and K. Tollmar. The power of mobile notifications to increase
wellbeing logging behavior. In Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems, pages 1095–1098. ACM, 2013.
[5] M. Bode and D. B. Kristensen. The digital doppelgnger within. a study on
self-tracking and the quantified self movement. In Domen Bajde and Robin
Canniford Assembling Consumption. Oxford/ New York: Routledge, 2015.
[6] A. Cuttone and J. E. Larsen. The long tail issue in large scale deployment of
personal informatics. In Proceedings of the 2014 ACM International Joint
Conference on Pervasive and Ubiquitous Computing: Adjunct Publication,
pages 691–694. ACM, 2014.
[7] A. Cuttone, S. Lehmann, and J. E. Larsen. A mobile personal informatics
system for visualizing mobility and social interactions. In Proceedings of
the 1st ACM international workshop on Personal data meets distributed
multimedia, pages 27–30. ACM, 2013.
[8] A. Cuttone, S. Lehmann, and J. E. Larsen. Inferring human mobility from
sparse low accuracy mobile sensing data. In 3rd ACM Workshop on Mobile
Systems for Computational Social Science(MCSS 2014). ACM, 2014.
12
[9] J. E. Froehlich, J. E. Larsen, M. Kay, and E. Thomaz. Disasters in personal
informatics: The unpublished stories of failure and lessons learned. In
Proceedings of the 2014 ACM International Joint Conference on Pervasive
and Ubiquitous Computing: Adjunct Publication, pages 673–678. ACM,
2014.
[10] S. Holm. A simple sequentially rejective multiple test procedure. Scandi-
navian journal of statistics, pages 65–70, 1979.
[11] O. P. John and S. Srivastava. The big five trait taxonomy: History, mea-
surement, and theoretical perspectives. Handbook of personality: Theory
and research, 2(1999):102–138, 1999.
[12] V. Kalnikaite, A. Sellen, S. Whittaker, and D. Kirk. Now let me see where
i was: Understanding how lifelogs mediate memory. In Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems, pages 1–10.
ACM, 2010.
[13] J. E. Larsen, A. Cuttone, and S. Lehmann. Qs spiral: Visualizing periodic
quantified self data. In Proceedings of the CHI 13 Personal Informatics in
the Wild: Hacking Habits for Health & Happiness, 2013.
[14] I. Li, A. Dey, and J. Forlizzi. A stage-based model of personal informatics
systems. In Proceedings of the SIGCHI Conference on Human Factors in
Computing Systems, pages 557–566. ACM, 2010.
[15] I. Li, J. Froehlich, J. E. Larsen, C. Grevet, and E. Ramirez. Personal
informatics in the wild: Hacking habits for health & happiness. In CHI’13
Extended Abstracts on Human Factors in Computing Systems, pages 3179–
3182. ACM, 2013.
[16] I. Li, Y. Medynskiy, J. Froehlich, and J. Larsen. Personal informatics in
practice: Improving quality of life through data. In CHI’12 Extended Ab-
stracts on Human Factors in Computing Systems, pages 2799–2802. ACM,
2012.
[17] D. Lupton. Self-tracking cultures: Towards a sociology of personal infor-
matics. In Proceedings of the OzCHI conference. ACM, 2014.
[18] D. Lupton. Self-tracking modes: Reflexive self-monitoring and data prac-
tices. Available at SSRN 2483549, 2014.
[19] D. Lupton. You are your data: Self-tracking practices and concepts of data.
Available at SSRN, 2014.
[20] M. Ruckenstein. Visualized and interacted life: Personal analytics and
engagements with data doubles. Societies, 4(1):68–84, 2014.
13
[21] M. S. Ryoo, J.-Y. Lee, J. H. Joung, S. Choi, and W. Yu. Personal driving
diary: Constructing a video archive of everyday driving events. In Pro-
ceedings of IEEE Workshop on Applications of Computer Vision (WACV),
pages 628–633, 2011.
[22] C. Song, Z. Qu, N. Blumm, and A.-L. Baraba´si. Limits of predictability in
human mobility. Science, 327(5968):1018–1021, 2010.
[23] A. Stopczynski, V. Sekara, P. Sapiezynski, A. Cuttone, M. M. Madsen,
J. E. Larsen, and S. Lehmann. Measuring large-scale social networks with
high resolution. PLoS ONE, 9(4):e95978, 04 2014.
[24] E. Waltz. How i quantified myself. Spectrum, IEEE, 49(9):42–47, 2012.
[25] G. Wolf. Are self-trackers narcissists?, 2009.
[26] G. Wolf. The data-driven life, 2010.
14
